Introduction

General genomic selection applications in breeding programs
Genomic selection (GS) as theoretically introduced by Meuwissen et al. (2001) has been successfully implemented worldwide in dairy cattle breeding programs reflecting large populations, i.e., Holsteins, Fleckvieh, Jersey, and Brown Swiss, and has revolutionized conventional breeding schemes. Revolution of dairy cattle breeding programs via GS was the logical consequence due to the obvious possibilities in shortening generation intervals combined with highly accurate genomic breeding values, increased selection intensities, and prevention of preferential treatment of bull dams. Improvement of those breeding program characteristics simultaneously contributed to increased economic gain König and Swalve, 2009 ). Prerequisite for highly accurate genomic breeding values is the implementation of large sire calibration groups including bulls with highly reliable conventional breeding values, as established within the EuroGenomics consortium (Lund et al., 2010) . Typically, calibration group sires are genotyped with high-density SNP-chip panels, and estimated additive-genetic values for SNP or haplotype effects are transmitted to male selection candidates (young bulls) from the broad population.
Further GS applications focus on genotyping females with the objectives i) to improve within-herd selection strategies using low-density 10K SNP-chip panels and ii) to predict phenotypes and to explain causal mutations using high-density or even whole-genome sequence data. Objective i addresses the evaluation of on-farm selection strategies combined with the utilization of reproduction technologies while still using "SNP-equations" from a bull calibration group. Objective ii implies relating genotypes directly to phenotypes, along with an evaluation of statistical methodology for phenotype prediction, with genome-wide association studies and with studies on genotype by environment (farm) interactions. As outlined, a major focus is placed on dairy cattle, but at specific points, applications to other species will be discussed as well.
Improving the Herd Management
Using Genomic Information
Improving within-herd selection
Genotyping of female animals has rarely been considered in genomic breeding program designs (e.g., Schaeffer, 2006) , mainly due to low selection pressure, high replacement rates, and minor impact of the cow dam pathway on genetic gain (Van Tassel and Van Vleck, 1991) . However, with the availability of inexpensive low density (LD) SNP chips, interest in genotyping of females has strongly increased, especially for improvements of intra-herd selections on commercial dairy cattle farms (Wiggans et al., 2012) . Genotyping of female calves and heifers in combination with the use of reproductive technologies like embryo transfer (ET) or sexed semen promises substantial decreases in generation intervals while simultaneously increasing selection intensities (Chesnai, 2012; Schefers and Weigel, 2012) . Moreover, a genomic breeding value is an unbiased selection instrument and free from preferential treatment (Pryce and Hayes, 2011) .
The computer package SIG-R (Pimentel and König, 2012 ) was used to assess the impact of genotyped females on selection response for single traits and on monetary genetic gain for different within-herd breeding strategies. The computer package SIG-R was developed to combine genomic and phenotypic information sources via selection index methodology based on the theoretical approach by Dekkers (2007) . For this purpose, a dairy cattle herd with 200 milking cows was assumed. Ninety heifer calves (under 12 mo) and 80 heifers (12 to 24 mo) represented potential replacement candidates of the herd. The replacement rate was fixed to 25% in the basic runs for each scenario, but further on, varied within the range from 25 to 40% in increments of 5%. Generation intervals were defined according to the selection structure of the different scenarios, by
Implications
• Pre-assuming accuracies of genomic breeding values larger than 0.7 for a moderate heritability production trait, and larger than 0.5 for a low heritability functional trait, additional profit from genotyping female calves or heifers compensates costs for genotyping in commercial herds.
• Herd management will be improved by including SNP information into electronically mating software, e.g., through the exploitation of non-additive genetic effects and via controlling of inbreeding and genetic relationships.
• Random forest methodology can infer binary disease phenotypes in validation sets with moderate accuracy, also for a small number of diseased genotyped animals in training sets.
• Genomic random regression models can be used to predict genomic breeding values for animals without phenotypes in, e.g., harsh environments.
considering an age at first calving of 25 mo and a calving interval of 13 mo. Because of the application of reproductive biotechnologies (embryo transfer and semen sexing), selection intensity also varied (due to the changing number of selection candidates).
The overall breeding goal of the dairy cattle farmer included one moderate heritability production trait (MY) and one low heritability functional trait (FL) with equal economic weights per genetic SD. According to selection strategies in dairy cattle farms, MY represents lactation milk yield from first parity, whereas FL was defined as functional longevity (in days). In total, seven on-farm breeding strategies for the cow-dam pathway of selection were evaluated. Scenario I reflects the conventional and conservative selection strategy, i.e., basing cow-dam selection on a cow's own performance. Hence, the cow dam selection pool only comprised lactating cows, implying a generation interval of 4.25 yr. In scenario II, selection is based on a female calf's genotype combined with phenotypic information from related animals. Selection at an early stage enlarges the pool of female selection candidates and implies a short generation interval of 3.1 yr. In scenario III, 50% of female heifers with highest genetic merit (according to pedigree index) were inseminated with sexed semen. Utilization of sexed semen increased selection intensity, due to fewer cows being required to generate the same number of female offspring. Generation interval was even lower than in scenario II and identical with the age at first calving because always a first calf of a selected heifer is female. Scenario IV was identical compared with scenario III but used genomic estimated breeding values (GEBV) for pre-selection of heifers instead of pedigree indices. Reproduction technology ET was applied to 50% of genetically best heifers at the age of 12 mo according to pedigree index and according to GEBV in scenario V and scenario VI, respectively. Two female offspring per donor heifer and year, and a further decrease in generation intervals (1.75 yr), were assumed. An overview of index sources as considered in different scenarios is given in Table 1 . Genetic parameters were obtained from a current study using test herds from the eastern part of Germany: h 2 = 0.30 for MY, h 2 = 0.10 for FL, and genetic and phenotypic correlations between MY and FL of 0.10 and -0.10, respectively. Phenotypic SD was 1,000 kg for MY and 500 d for FL.
Genomic index sources considered moderately accurate GEBV (r MG = 0.7 for MY, and r MG = 0.5 for FL). Highest genetic gain per year for MY and FL was identified for scenarios III, IV, V, and VI (Fig. 1) . Compared with scenarios I and II, these scenarios strongly focused on the use of reproduction technologies. Hence, the decision to genotype heifers strongly depends on the assumptions for reproduction rates. König et al. (2007) analyzed ET traits such as the number of flushed and transferrable oocytes, and they found a substantial variation across herds and donor stations, and also a moderate genetic component. In a simulation study, Sorensen and Sorensen (2010) compared genetic gain in genomic breeding programs when either assuming one or five offspring per donor. Obvious success of genomic multiple ovulation and embryo transfer (MOET) breeding programs over conventional, or over genomic breeding programs without ET, required more than one female offspring per donor cow. For identical "reproduction scenarios," genetic Table 1 . Phenotypic information sources with respect to the production (MY) and functional trait (FL) as used (indicated with a "+") for the different within-herd breeding scenarios. A "g" indicates a genomic breeding value for the given trait. Figure 1 . Genetic gain per year for milk yield (in kg) and functional longevity (in days). Black and gray bars = equal economic weights for milk yield and function longevity, respectively; black dotted and gray dotted bars = genetic gain for milk yield and functional longevity, respectively, when doubling the economic weight for functional longevity.
gain was higher when basing selection of young heifers on GEBV instead on pure pedigree indices (comparison of scenario IV with III, and of VI with V). Increase of genetic gain in genomic scenarios was always higher for MY compared with FL. This is mainly due to the assumed higher accuracy of GEBV for MY. Also for identical accuracies, genetic gain was larger for the production trait, supporting results from deterministic economic evaluations on a long-term population-wide scale . In a combined breeding goal, more selection pressure is always on the higher heritability trait, and competiveness of low heritable functional traits is only possible when increasing economic weights for such traits. Similar genetic gain for the functional trait was also realized in the current investigation when doubling the economic weight for FL ( Fig. 1 , comparison of dotted bars). Figure 2 displays additional annual monetary genetic gain (in euros) of genomic scenarios compared with scenario I for the combined breeding goal including MY and FL with equal economic weights per genetic SD. With regard to scenario II, for all accuracies of genomic predictions, and assuming genotyping costs of 50 euros/animal with the LD chip, selection of female calves based on GEBV did not compensate the costs for genotyping. When doubling the economic weight for FL (Fig. 3) , additional monetary genetic gain of 55 euros compensated for the costs of genotyping, pre-assuming moderate accuracies of GEBV (0.70 for MY and 0.50 for FL). For high accuracies of GEBV (0.80 for MY and 0.60 for FL), additional monetary genetic gain was 61 euros.
Pryce and Hayes (2011) assumed genotyping costs of AU$29/animal, but discounted profit was AU$46/cow when genotyping 40 heifers to identify the top 20 as replacements for 100 cows. In their simulation study, Weigel et al. (2012) studied gains in lifetime net merit breeding values of selected females in commercial herds due to genomic testing by taking costs of genotyping into account (US$40 for the 3K low-density application). Economic gains increased with increasing selection intensity and with increasing incompleteness of pedigree information and were US$121 per female calf for a low within-herd replacement rate of 10%. As pointed out by Wiggans et al. (2011) , availability of low-priced 3K SNP chips will also encourage commercial farmers to participate in genomic activities. Weigel et al. (2012) considered genotyping of a large number of females as a "significant financial investment." González-Recio et al. (2014a) estimated genetic (co)variances for feed efficiency traits using 843 genotyped heifers (632,000 SNPs). Estimates were used to incorporate residual feed intake of heifers into the Australian Profit Ranking index. Utilization of this index increased annual farm profitability by 3%, which implies an economic gain of AU$0.55 million considering the total Australian Holstein population.
Optimization of mating designs
Application of an optimum genetic contribution (OGC) concept accumulates genetic gain by constraining inbreeding or additive-genetic relationships in a long-term perspective (e.g., Meuwissen, 1997) . In this regard, and for a practical and sustainable implementation in conventional progeny-testing programs, König and Simianer (2006) recommended optimizing elite matings between bull dams and bull sires. In the genomic era and with a strong focus on improvements of functional traits, Schierenbeck et al. (2011) used semi-definite programming and relationships constructed from SNP data to define optimum genetic contributions for genotyped bull dams and bull sires. For a substantial minimization of inbreeding coefficients in the short term in the next progeny generation, Sonesson and Meuwissen (2000) developed a simulated annealing algorithm for the specification of mating designs using OGC output. Widespread genotyping of "commercial" cows additionally allows the optimization and specification of within-herd matings, also from the perspective of within-breed biodiversity. In his keynote about genomic breeding programs, Schaeffer (2006) suggested the calculation of heterozygosity indices based on SNP data for each genotyped animal and maximization of this index in the ongoing generation via specific mating designs.
Consideration of genomic information in mating designs allows exclusion of lethal recessives in the homozygous form. VanRaden et al. (2011) used SNP data to form haplotypes along the chromosome and compared observed and expected haplotype frequencies. They identified detrimental haplotypes with significant effects on paternal fertility and stillbirth. Based on the findings by VanRaden et al. (2011) for several cattle breeds, or by Kadri et al. (2014) for Nordic Red cattle, Swalve (2014) explicitly recommended inclusion of genomic data into mating plan software on a herd-gate level. Identification of individual functional mutations affecting male subfertility in the Fleckvieh population based on a genome-wide as- sociation study (Pausch et al., 2014 ) strongly supports such enhancements of electronically organized mating plans.
As a further aspect, mating schemes including genomic data could exploit the effects of dominance. In a study by Varona et al. (1998) , the dominance component explained 9% of the phenotypic variation for stature of dairy cattle. Consideration of dominance effects reflecting specific combining abilities allows for allocating the best sire for a given cow (DeStefano and Hoeschele, 1992) . However, inclusion of dominance in traditional genetic evaluations is associated with increasing computational requirements (Miztal et al., 1998) . In the genomic era with the availability of SNP data, Toro and Varona (2010) pointed to the necessity to re-evaluate models or selection strategies including dominance. In their simulation study for a random mating scheme, extra selection response for a whole-genome evaluation from an additive model additionally including dominance ranged from 9 to 14%. Even higher genetic gain was achieved when combining the dominance model with OGC theory. In a recent study, Ertl et al. (2014) used 777,962 SNPs from 1996 genotyped Fleckvieh cows. The proportion of genomic variance due to dominance was 3 to 50% of the genetic variance. In consequence, the authors saw the potential to consider dominance for planned matings, also being a motivation for commercial dairy cattle farmers to genotype their cows.
There is an increasing trend in dairy cattle farming worldwide to improve functional traits via crossbreeding. Freyer et al. (2008) reviewed and evaluated "crossbreeding experiments," but practical results partly lagged behind theoretical expectations. Exploitation of dominance based on high-density SNP marker data also might help to improve crossbreeding designs, i.e., for an accurate differentiation of breeds and genetics lines and for an accurate assessment of heterosis effects (Swalve, 2014) . Identification of detrimental haplotypes or optimized mating schemes via consideration of dominance requires dense marker maps, but for commercial applications, farmers usually genotype female calves and heifers using low-density SNP chip panels. Nevertheless, efficient imputing strategies have been developed, either based on LD, family information, or a combination of both (Pimentel et al., 2013) .
Prediction of Phenotypes
Individual phenotypes in calibration groups
A so called "genomic production value," defined as the sum of estimates for additive-genetic and dominance effects, might be an efficient selection instrument to optimize herd replacements and mating allocations. Estimation of both effects simultaneously requires the implementation of a cow calibration group, and using a cow's phenotype or corrected phenotype instead of a sire's EBV as dependent variable for the estimation of SNP effects. Compared with intensively pre-selected bulls as currently used in sire calibration groups, unselected cows represent genomic architecture of the broad milking cow population. Basing genomic selection on genotyped cows from the broad population might be associated with unbiased estimated SNP effects and unbiased genomic breeding values (Patry and Ducrocq, 2009 ).
Furthermore, cow calibration groups are imperative when focusing on novel traits that are not yet considered in official genetic evaluations. Most new traits of interest are strongly associated with animal robustness and require phenotyping strategies for the following trait categories health, workability, persistency, fertility, fitness, and mobility (Calus et al., 2013a) . Nevertheless, Calus et al. (2013b) pointed to the generally antagonistic genetic relationships between new and conventional breeding goal traits and also discussed the generally small economic weights for new traits. Both components, antagonistic associations and small economic values, require reference populations including at least 10,000 individuals (Calus et al., 2013b) . Otherwise, selection response for new traits will be extremely small.
Accuracy of derived SNP effects or genomic breeding values from reference groups basing on individual phenotypes strongly depend on the group size, on the heritability of the trait, and on genomic architecture reflected by LD or effective population size (Goddard, 2009) . Following Goddard's deterministic prediction equation, more than 20,000 cows need to be genotyped to realize moderate accuracies of genomic predictions larger than 0.5 for a low heritability trait (h 2 ~ 0.05). However, without availability of highly accurate conventional sire EBV, a crucial question remains the validation of estimates from cow calibration groups for novel traits. In a first "German cow calibration study," Becker-Scalez et al. (2015) based their studies on a subset of 3,521 genotyped Holstein cows. With a focus on longitudinal test-day milk yield, random regression coefficients (RRC) from Legendre polynomials of order 2 were defined as phenotypes in the reference set to predict genomic random regression coefficients for cows in the validation set. A fivefold cross validation was done to evaluate the accuracies of genomic intercepts, linear and quadratic RRC (gRRC0, gRRC1, and gRRC2, respectively). For this purpose, the whole dataset of genotyped cows was randomly divided into five groups, and cows' gRRC of one group were assumed to be unknown (validation source: © 2015 AdobeStock.org/egiadone. set). Effects of SNP estimated from the other four groups were used to predict the gRRC of cows in the validation set. Cross validation was repeated five times for each coefficient. Pearson's correlation coefficients between the realized RRC and the predicted gRRC for the animals in the validation set were calculated for each coefficient in each replicate. Moderate correlations were found between RRC and predicted gRRC, i.e., 0.62 ± 0.02 for RRC0, 0.67 ± 0.01 for RRC1, and 0.69 ± 0.02 (Fig.  4) . Utilization of cow prediction and validation sets exhibiting substantial differences or obvious similarities regarding disease incidences, production levels, genomic architectures, and genetic relationships underlines the necessity of complex cross-validation studies. Pérez-Cabal et al. (2012) presented and compared a variety of cross-validation strategies, also for within or across generation predictions.
The advantages and flexibilities of "random regression phenotypes" for genetic evaluations were clearly outlined by Santos et al. (2010) . Silva et al. (2013) used parameter estimates from nonlinear logistic regressions as phenotypes for the modeling of genomic growth curves in pigs. Also in this study, independence of growth curve modeling and genomic modeling simplifies statistical procedures and reflects a classical two-step procedure for longitudinal data, i.e., basing genetic marker predictions on pre-corrected phenotypes (Pong-Wong and Hadjipavlou, 2010) .
A detailed overview of non-parametric machine-learning procedures for genome-assisted predictions is given by González-Recio et al. (2014b) . Generally, a machine-learning technique uses past events to set up a prediction model for the interpretation of new information and is suitable to process invisible information from large datasets, especially from datasets characterized by a large number of markers in relation to a small number of genotyped animals. Random forest (RF) is one of the suggested specific machine-learning methods. In a further cow calibration study, Naderi et al. (2014) used simulated binary and real binary data from genotyped cows to predict phenotypes for disease traits based on RF methodology (e.g., González-Recio and Forni, 2011) . In the stochastic simulation, 20% of phenotyped females from the last two generation were defined as sick and received the code 1, and the remaining healthy cows received the code 0. Females from the last two generations were divided into a reference and a validation set. Phenotypes of the animals in the validation set were assumed to be unknown. In different scenarios, reference and validation sets were created according to the health status of cows. In the basic scenario, the total number of sick cows (4,000 cows) was assigned to the validation set, and 16,000 healthy cows were assigned to the reference set. Main evaluation criterion was the area under the receiving operating characteristic curve (AUC). The AUC reflects results for the comparisons of true positive, false positive, true negative, or false negative outcomes with a predicted disease based on genomic information from related animals. An AUC close to 1 indicates an accurate predictive ability (González-Recio et al., 2014b), which was higher throughout our simulation study for RF compared with GBLUP for all variants of cow allocations to either reference or validation sets (Table 2) . Lowest prediction accuracies were found for a low percentage of sick animals in the reference set. Using real phenotypes for clinical mastitis from 6,762 genotyped cows, calculated AUC values ranged from 0.53 to 0.57 for a variety of training and validation set compositions (variations due to group sizes and due to the percentage of sick animals in both groups). Again, highest AUC were identified when disease incidences in calibration groups reflected population disease incidenc- Table 2 . Area under the receiving operating characteristic curve (AUC) for the prediction of phenotypes of disease traits in the validation set for GBLUP and random forest (RF) applications (50K SNP chip, h 2 = 0.10 and 725 QTL). Values in parenthesis show the SDs from 10 replicates (according to Naderi et al., 2014 2 Number of sick animals assigned to the reference set (number of healthy animals in reference set is the difference between this number and the total number of cows (N = 16,000) in the reference set).
es. Luan et al. (2009) used a sire calibration group, GBLUP, and Bayesian methods to estimate genomic breeding values for clinical mastitis in Norwegian Red cattle. They identified variations in accuracies of genomic predictions for clinical mastitis records from different lactation stages, probably due to different heritabilities, and also due to variations of disease incidences.
In a key publication addressing phenotype predictions based on genomic data, Ober et al. (2012) used ~2.5 million SNP from whole-genome sequence data to predict phenotypes for starvation stress resistance and locomotor startle response in Drosophila melanogaster. Statistical methodologies included GBLUP and Bayes B with internal SNP selection. Predictive ability was defined as the correlation between genomic breeding values and phenotypes for Drosophila melanogaster in the validation set based on a series of fivefold cross validations. Ober et al. (2012) only found a moderate predictive ability, i.e., 0.239 ± 0.008 for starvation resistance and 0.2330 ± 0.012 for locomotion startle response, and also only minor differences for GBLUP and Bayes B applications. A crucial threshold of 150,000 SNPs was identified, implying a minor increase of predictive ability with increasing numbers of SNPs above this threshold. The authors partly attributed the moderate predictive ability to the sample size of 157 lines, but they also defined the potential of quantitative trait predictions based on genome information, especially for evolutionary biology and medicine. Hence, a first simulation study for phenotype prediction based on dense genomic marker data focused on the prediction of individual genetic risk to a specific disease in case-control studies (Wray et al., 2007) . Ongoing research is aimed at a mouse population and the prediction of unobserved phenotypes for coat color and mean cell hemoglobin using high-density SNP data (Lee et al., 2008) . Unobserved phenotypes were predicted using a model including simultaneously genomic additive and genomic dominance effects. Using a family design (splitting families into an estimation and into a prediction group with equal frequencies), correlations between predicted and real phenotypes (= prediction accuracies) were in a moderate to high range from 0.4 to 0.9.
Prediction of genotypes and phenotypes adopted to environments
In plant breeding, multi-environment models have been developed for genomic predictions of breeding values and for performance prediction of untested genotypes by considering genotype × environment interactions (Burgueño et al., 2012) . Their multi-environment model considered specific within-line across-environment covariance structures based on genomic or pedigree relationships or by combining both genomic and pedigree information. Performance prediction of genotypes with genetic evaluations in some specific conventional environments, but not in, e.g., harsh environments, also addresses practical animal breeding. Increasing heat stress especially depresses productivity, reproduction, and health of dairy cattle kept in outdoor systems. The most used continuous environmental descriptor reflecting heat stress in farm animals by combining air temperature with humidity is the temperature-humidity index (THI) (e.g., Bohmanova et al., 2007) . In their stochastic simulation study, Yin et al. (2014) used genomic random regression models (gRRM) to predict cattle performances in dependency of THI, assuming a variety of genomic architectures. Repeated measurement analysis revealed highly accurate predictions for cows with SNP genotypes but without phenotypes in defined harsh environments, e.g., for THI 75. However, according to their findings, a small fraction of 20% of animals needs to be phenotyped for the trait of interest at THI 75. Consideration of the environmental impact and of possible genotype by environment interactions in genomic predictions is of practical relevance. Examples address the background of livestock and semen exports in tropical or subtropical countries or the transfer of SNP prediction equations from conventional to organic production systems.
Phenotypic modifications for an identical genetic background due to environmental changes were described by Gause (1947) , who introduced the term "phenotypic plasticity." In a present study based on genomic data from the German cow calibration group, phenotypic plasticity and variation of genetic parameters were studied by consideration of both environmental variation and genetic architecture effects. Considering both effects simultaneously, this approach will also evaluate Robertson's (1959) recommendation to use a genetic correlation of 0.80 or lower as general indicator for genotype by environment interactions. For the two strata herd size (environmental effect) and average herd LD measured as r 2 between all possible SNP pairs (herd characteristic on the genomic scale), and using 6,616 genotyped cows (50K), the largest additive-genetic variances were identified for large within-herd r 2 in large-scale herds. Genetic correlations in the same traits across herds were lower than 0.80 for substantial differences in genetic herd architectures (e.g., level of inbreeding, level of LD, and percentage of daughters from influential sires from North America).
Conclusion
Farmers are encouraged to genotype female calves and heifers to accelerate genetic gain on the cow-dam pathway of selection. Detection of the most promising heifers for replacements, and the specification of mating schemes, are valuable instruments to improve the overall farm management. Inclusion of genomic information into selection and mating instruments substantially improves accuracy of selection compared with the utilization of "conventional" pedigree indices. Exploration of non-additive genetic effects based on SNP data can be used to optimize Grazing heifers from the research station of Kassel university: Genotyping as a tool for phenotype prediction (source: © 2015 König).
specific matings within breeds as well as for the selection of optimal lines in crossbreeding designs. A further farm management component from an animal breeding perspective addresses controlling of inbreeding and genetic relationships in a long-term perspective. Heterozygosity indices based on SNP data and avoiding lethal recessive genotypes might have practical applications in the near future. A variety of novel traits reflecting resource efficiency (e.g., methane emissions) or product quality (e.g., milk fatty acid composition based on spectral data), while also reflecting the demand of consumers, might be interesting for modern breeding goals. However, without availability of highly accurate conventional sire EBV, it is imperative to implement cow calibration groups that are directly based on cow phenotypes. Using cow calibration groups for the derivation and validation of SNP effects requires alternative statistical modeling, such as random forest methodology, or extensions of random regression models for longitudinal data. Further potential of genomic random regression models is related to a variety of specific breeding scenarios, e.g., the prediction of genomic breeding values for animals without phenotypes in harsh environments.
